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nsulin resistance (IR) represents a fundamental defect in type 2 diabetes (T2D) and usually precedes the disease by many years. Although obesity and IR are closely linked, body mass index (BMI) explains only a part of the variance of IR in the general population. In particular, when compared with people in other regions of the world, individuals of Asian ethnicities experience high rates of T2D despite relatively low BMI (1). Chiu et al. (2) have shown that insulin sensitivity index (ISI), second-phase insulin response, and waist/hip ratio are significantly different among Caucasians, Asian-Americans, African-Americans, and Mexican-Americans. Within Asia, different ethnic groups have varying degrees of IR (1) . In Singapore, Asian-Indians have a higher prevalence of T2D and greater IR than Chinese and Malays. Although the different ethnic groups exhibit different levels of obesity, the differences in IR persist even after accounting for body weight (3) (4) (5) (6) . These ethnic differences in T2D and IR also cannot be fully accounted for by differences in differential fat distribution (7) . In our earlier studies, we have reported higher levels of phosphorylated protein kinase B (AKT/PKB) in cultured myoblast from Chinese compared with Asian-Indians (7) . This suggests that pathways that are dysregulated in skeletal muscle (SM) may explain the ethnic differences that we observe in the pathogenesis of T2D. Furthermore, some of these ethnic differences in SM gene expression may be obesity-dependent, whereas others may be obesity-independent.
SM is the major organ contributing to 80% to 90% of insulin-mediated glucose uptake (8) . IR is associated with altered expression in the SM, suggesting its relevance in the study of IR (9) . SM transcriptomic profiles have been shown to differ among ethnic groups (10) ; thus, we believe that the SM transcriptome may capture mutually exclusive pathways that are implicated in the pathogenesis of T2D in the three Singaporean ethnicitiesChinese, Malay, and Asian-Indian. In this study, we sought to determine how variation in SM gene expression in these three ethnicities in Singapore correlates with relevant traits (such as ISI and BMI) and reveal some of the molecular processes and pathways that underlie the known ethnic differences in IR.
Materials and Methods

Singapore Adult Metabolism Study 1
We recruited healthy Chinese (n = 63), Malay (n = 51), and Asian-Indian (n = 42) men, aged 21 to 40 years. Subjects with ischemic heart disease, epilepsy, or insulin allergy (11) were excluded; subjects being treated for hypertension, dyslipidemia, and diabetes mellitus were also excluded. Subjects recruited are of BMI range 18.5 to 30 kg/m 2 , with less than one episode of exercise ($30 minutes) per week and birth weight within the third to 97th percentile with respect to the general birth weight of newborns in Singapore. Clinically, subjects must also have fasting glucose ,7 mM and blood pressure ,140/90 mmHg. SM biopsies and blood samples were collected, along with physiological and biochemical traits (Supplemental Table 1 ).
The ISI is derived from the hyperinsulinemic euglycemic glucose clamp procedure. With a fixed infusion of insulin above basal concentration, the steady-state glucose infusion rate (after over 2 to 3 hours of stabilization) required to maintain a fixed plasma glucose level is measured. At such conditions, hepatic glucose production is completely suppressed; hence, the glucose infusion rate is the insulin-mediated glucose clearance rate. The average value of the glucose infusion rate during the final 30 minutes of the insulin infusion (M value), together with the steady-state insulin concentration (I) during this period, was used to calculate the ISI (M/I).
Intramyocellular lipids (IMCLs) were determined using 1H magnetic resonance spectroscopy on a 3T magnetic resonance scanner (Tim Trio; Siemens, Erlangen, Germany). The muscle spectrum was acquired by the positioning of the right leg within the leg holder and alignment of the foot to avoid residual dipolar couplings (12) . The spectrum was obtained from a 2 3 2 3 2-cm 3 voxel placed within the soleus muscle using a pointresolved spectroscopy sequence (repetition time = 2000 ms; echo time = 30 ms) and Siemens Tx/Rx 15-channel knee coil. The IMCL reported was expressed as a percentage of IMCLs/ creatine.
Height was measured using a wall-mounted stadiometer, and weight was measured using a digital scale (seca, model 803; Vogel & Halke, Hamburg, Germany). BMI was computed using the subject's weight (in kilograms) divided by the square of his height (in meters). Waist circumference was measured at the midpoint between the lower costal margin and iliac crest during midrespiration. Body composition was measured using a Hologic Discovery Wi dual-energy X-ray absorptiometry scanner (Hologic, Bedford, MA). Subjects were positioned according to the standard protocol, and all subjects fit within the area of measurement. Manual analyses were performed for regional soft tissue demarcation by three trained dual-energy X-ray absorptiometry technologists certified by the International Society of Clinical Densitometry.
Blood was sampled for lipids, liver function, thyroid-stimulating hormone, sodium, and lactate dehydrogenase (LDH) after a 10-hour overnight fast. These biochemical analyses were conducted at the National University Hospital Referral Laboratory (Singapore), which is accredited by the College of American Pathologists. Serum total cholesterol, high density lipoprotein (HDL) cholesterol, lowdensity lipoprotein (LDL) cholesterol, and triglyceride values were measured using the automated Advia 2400 analyzer (Bayer Diagnostics, Tarrytown, NY).
Fasting blood samples were also collected for plasma analysis of leptin, monocyte chemoattractant protein 1 (MCP1), and myostatin. Plasma concentrations of leptin were measured using commercially available ELISA kits from MilliporeSigma (Burlington, MA; Cat No. EZHL-80SK), and MCP1 was measured using ELISA kits from Alpco Diagnostics (Salem, NH; Cat. No. 61-MCPHU-E01). Myostatin was measured using ELISA kits from Immunodiagnostik (Bensheim, Germany; Cat. No. K1012).
Genotyping
The large study population included 312 samples, which were genotyped using the Illumina OmniExpress array. Variant quality control (QC) and imputation were done on the large study population; for a subset of samples (n = 132), we had matching transcriptomic data, which were used for the expression quantitative trait loci (eQTL) analysis (see below).
QC and imputation
A preliminary variant QC analysis was first performed to remove autosomal variants that were unmapped to the human genome version 19 (Genome Reference Consortium; https:// www.ncbi.nlm.nih.gov/grc) or had missingness .5% or gross departure from the Hardy-Weinberg equilibrium (P , 5 3 10
25
), which could indicate genotyping error. The pseudocleaned set of genotypes was used for sample QC. In the sample QC, we plotted sample call rate vs sample heterozygosity to examine the overall distribution of missingness and heterozygosity across all samples. Samples with missingness .5% or excess heterozygosity (heterozygosity , first quartile -1.5 interquartile range or heterozygosity . third quartile + 1.5 interquartile range) were removed. We used Kinship-based Inference for Genome-Wide Association Study (or KING; http://people.virginia.edu/~wc9c/KING/) (13) to estimate kinship coefficients among all pairwise combinations of samples. We detected 83 pairs of samples as monozygotic twins or duplicates. We verified that 81 of these samples pairs were duplicates and removed the sample with the lower call rate. For one of the remaining two pairs, we excluded both samples, which had different sample indentifications. For the last pair, one of the samples had been labeled with the same identification as another sample outside of the pair, but the two samples had not been detected as duplicates. We excluded all three of these samples. Thus, a total of 86 samples were excluded as a result of sample duplicates. Five pairs of samples were inferred to have a first-degree relationship. Genetic ancestry was inferred using principal component (PC) analysis (PCA) and multidimensional scaling (MDS) against the following reference genomes: (i) 1000 Genome (1000G) Phase 3 (http://www.internationalgenome.org/data) (14) and (ii) Singapore Genome Variation Project (http://phg.nus.edu.sg/) (15) . We visually assessed the first four PCs and excluded samples with PCA ethnicity results that were discordant ethnicity with self-reported ethnicity. Singapore Adult Metabolism Study 1 (SAMS1) samples were distributed along clusters of East Asians and South Asians when compared with the 1000G Phase 3 genome (Supplemental Fig. 1A ). Within the Singaporean populations (Singapore Genome Variation Project: 96 Chinese, 89 Malays, and 83 Asian-Indians), we excluded two Chinese and two AsianIndians who clustered together with the Malay population (Supplemental Fig. 1B ). Sex discrepancy was assessed using the X-chromosome inbreeding coefficient. Lastly, we applied a final variant QC to remove variants that had missingness .5% or gross departure from Hardy-Weinberg equilibrium (P , 5 3 10
). The QC-cleaned complete dataset consisted of 222 samples and 695,544 variants (Supplemental Fig. 1C ). To impute the SAMS1 genotypes to 1000G Phase 3, we first performed additional QC by comparing physical positions, alleles, and allele frequencies with 1000G Phase 3 (SAMS1 Chinese, SAMS1 Malay with East Asians; SAMS1 Asian-Indian with South Asians). Variants that were discordant in terms of position, alleles, or frequency were excluded or updated. This generated 681,233 autosomal variants for imputation. As a result of the small sample size, phasing was carried out with SHAPEIT (https:// mathgen.stats.ox.ac.uk/genetics_software/shapeit/shapeit.html) (16, 17) with the 1000G Phase 3 reference panel. Finally, the phased genotypes were imputed to 1000G Phase 3 using the Michigan Imputation Server (https://imputationserver.sph.umich.edu/ index.html#!pages/home) (18) .
Definition of ethnicity
Ethnicity is a complex multidimensional construct that reflects biological factors, geographical origins, historical influences, as well as shared customs, beliefs, and traditions, among populations that may or may not have a common genetic origin. This is distinct from genetic ancestry that reflects the population history. We compared self-reported ethnicity against the genetic ancestry inferred from the genotype data in Supplemental Fig. 2B .
Gene-expression analysis
Total RNA from the patient's SM was extracted using a combination of Trizol ® reagent (Invitrogen) and components of the RNeasy Mini Kit (Qiagen). First, the samples were homogenized in 1 mL Trizol ® reagent using the gentleMACS™ dissociator system (Miltenyi Biotec). The homogenate was then incubated at room temperature for 5 minutes, followed by centrifugation at 12,000g at 4°C for 10 minutes. The supernatant was transferred to a new 1.5-mL tube, and 200 ml chloroform/isoamyl alcohol 24:1 (Sigma) was added to the supernatant and mixed by vortexing. After incubating for 3 minutes at room temperature, the sample was centrifuged at 12,000g at 4°C for 10 minutes. The upper-aqueous RNA phase was transferred into a new 1.5-mL tube. An equal volume of 70% ethanol was added into the sample and mixed by inverting the tube. The sample was transferred to the column in the RNeasy Mini Kit and processed according to the manufacturer's protocol. The RNA was eluted in 40 ml RNase-free water. RNA quality and quantity were assessed using the NanoDrop 8000 (Thermo Scientific), as well as the Agilent RNA 6000 Pico Kit, in combination with the Agilent 2100bioanalyzer (both from Agilent Technologies).
The RNA was amplified using the Ovation PicoSL WTA System (NuGen Technologies), purified using the Agencourt RNAClean XP Kit (Beckman Coulter), and labeled with the Encore BiotinIL Module kit (NuGen Technologies). Amplified single primer isothermal amplification cDNA (750 ng) was hybridized to the Human HT-12 v4 Expression BeadChip (Illumina) and imaged with the iScan system (Illumina). All procedures were done, as per the manufacturer's protocol in a single batch.
Microarray expression data were processed and filtered in R using the following steps:
(1) Normalization and transformation of raw probe data:
we perform quantile normalization and log2 transformation of the raw probe data [neqc() function from the limma package (19) In addition, before the differential expression (DE) analysis, we removed genes with small variability across all samples to improve power to detect DE genes, as previously reported (22, 23) . For each gene, we calculated the coefficient of variation (CV) and excluded genes with CV , 5th percentile of the CV distribution. This resulted in a set 20,043 genes detected in SM tissue and with sufficient gene-expression variation in the study population, which was used in the subsequent analyses.
As microarray analysis was done using 18 microarray plates, we investigated if microarray chip plating has a batch effect on the data and on the correlation analyses. With the use of PCA, we observed no evident clustering of the transcriptome as a result of microarray chip plating. Likewise, analyses of physiological and biomechanical traits against microarray chip plating found no evidence of association between chip plating and the observed differences in traits across ethnicities. The lack of association between microarray chip plating and gene expression, as well as physiological/biomechanical traits, suggests that the observed expression-trait correlations are unlikely to be affected by microarray chip plating. Lastly, we used the Fisher exact test to check if each ethnic group was evenly represented on each microarray chip plate. This showed a lack of dependence (P value ;1) between the representation of each ethnic group and the microarray chip plating.
PCA
Prcomp function (Stats package) in R was used for PCA. The first two PCs, which account for the top two largest proportions of variation, were used to plot the gene-expression data to identify sample clusters.
Power calculation
We carried out power calculations to assess our ability to identify changes in gene expression across three ethnic groups. To this aim, we used a simple ANOVA framework [using R package pwr (24) ] and estimated the power to detect mediumlarge effect sizes (0.35 to 0.4; i.e., the difference in expression levels across ethnicities is 35% to 40% of the standard deviation of gene expression measured within each ethnic group) (25) using the smallest sample size in our study (i.e., n = 42 Asian-Indians) and found power = 83% (a = 0.01; effect size = 0.35), and power = 93% (a = 0.01; effect size = 0.4), respectively. This suggests that our study is sufficiently powered to detected moderate differences in gene expression across three ethnic groups.
DE analysis
The limma R package was used to identify DE genes by ethnicity (19) . Multiple testing correction was performed with the Benjamini-Hochberg (BH) method (26) .
For comparative purposes, we carried out DE analysis of the blood transcriptome of a separate multiethnic Singaporean cohort using the same methods described above (27) .
Cluster analysis
Hierarchical clustering (Ward method) (28) was used to cluster DE genes. The clusters were determined by cutting the hierarchical tree based on the maximum cluster height. Ward clustering of the transcriptome highlighted samples that did not cluster with their self-reported ethnicity (Fig. 1A) . Despite these potential discrepancies between self-reported ethnicity and genotype-inferred ancestry (Supplemental Fig. 2B ), we believe that the self-reported ethnicity would represent a combination of genetic and environmental influences, which ultimately, determines the risk of T2D and likely accounts for the ethnic differences observed.
Protein-protein interaction network analysis
The protein-protein interaction network was built using STRING (https://string-db.org/) (29) . Specific changes to settings included deselecting the text-mining as an interaction source and changing the minimum required interaction score to medium confidence to 0.4.
Analysis of correlation of gene expression with physiological and biochemical traits
Correlations between the expression profiles of differentially expressed genes and various traits were analyzed at the cluster level. For these correlation analyses, the eigengene for each cluster was calculated. The eigengene is the first PC of the expression profiles of all genes within that cluster, calculated using the function module Eigengenes in the WGCNA package in R. The cluster eigengenes, as well as individual gene-expression profiles were further adjusted for variation in age or age and BMI (as indicated) using linear models, and the residuals were used for correlation against each trait. Biweight correlation (biweight cor) was used along with the BH method for multiple testing correction for the number of clusters and traits tested.
Correlation and comparative genomics analysis in the rat
We used SM gene-expression data from the BXH/HXB recombinant inbred (RI) rat strains, a model for the study of complex diseases, including metabolic syndrome (30) , to corroborate the gene-trait correlations. This sample population consisted of 29 RI rat strains derived from the normotensive Brown Norway strain and the spontaneously hypertensive rats model, which exhibit many features of metabolic syndrome (31, 32) .
SM tissue expression was profiled in the RI rat strains by using Affymetrix RAE230a and RAE230 2.0 microarrays, as described in Heinig et al. (33) . The robust multichip average algorithm was used to normalize gene expression (34) . To select informative probe sets targeting robustly expressed genes, we computed the mean expression over all normalized genes using the normalmixEM function (R package mixtools) (35) . This function fits a mixture of two Gaussian distributions to the logtransformed mean expression (expressed and non-/low-expressed genes) using maximum-likelihood estimates. The starting values of the Expectation-Maximization algorithm used in the normalmixEM function were chosen under the assumption that 50% of the genes were expressed, and the initial mean values of the underlying Gaussian distributions were set to the first and third quartile of the gene-expression distribution. The non-/lowexpressed gene distribution was set to the distribution with the lowest mean expression, and a detection threshold was set to the 95% percentile of the non-/low-expressed gene distribution. Microarray probe sets above the detection threshold in less than two samples were filtered out from the analysis (they were considered as targeting nonexpressed genes). In addition, probe sets that were nonspecific or targeted non-Ensembl genes (genome assembly: Rnor_5.0) were removed.
To obtain a list of rat genes with its corresponding human ortholog, the rat genes were mapped to one2one human orthologs using the biomaRt R package to access the Ensembl Rat database. These mapped genes were then used to determine the association of the gene expression with traits in the rats using the same methods as described above. Phenotypic traits relevant for the panel of RI rats were obtained from Johnson et al. (36) .
Functional annotation analysis
Functional enrichment analysis in G:ProfileR (37, 38) was done via a hypergeometric test that searches for enrichment of gene sets against databases, including the Gene Ontology database (39) and Kyoto Encyclopedia of Genes and Genomes (or KEGG) database (40) . Multiple testing corrections using the BH method false discovery rate (FDR) were applied.
Genome-wide association study of HbA1c in Malay population
The Singapore Malay Eye Study (SiMES) was a populationbased, cross-sectional study of 3280 Malay adults, aged 40 to 79 years, who lived in 15 southwestern residential districts in Singapore. The study aim was to determine the prevalence and risk factors of major eye diseases in this population. Glycated HbA1c (percentage) was measured by National Glycoprotein Standardization Program-certified methods from whole blood (41, 42) . Details of the study design and genotyping have been described in Sim et al. (43) . Post-QC genotypes from SiMES were phased with SHAPEIT (16, 17) and imputed to the combined panel of 2504 individuals from the 1000G Phase 3 reference panel (14) implemented in the Michigan Imputation Server (18) . A total of 47,095,002 variants were imputed in each study. We performed association tests with HbA1c by regressing on age and sex. The residuals obtained were inverse transformed to a standard normal distribution and tested for association with variants, assuming additive genetic effects. A linear mixed model with an empirical kinship matrix was used to account for relatedness (44) . Association results were also performed for T2D on the 1000G imputed variants using the Firth test (https://github.com/statgen/EPACTS) (43) . Variants with imputation quality score Rsq , 0.3, minor allele count (MAC) less than five, and association statistics SE .10 were excluded from the 1000G Phase 3 association results.
The Singapore Living Biobank study comprised healthy population-based Chinese and Malay individuals for the purpose of genotype-phenotype recall of high-impact variant carriers. These individuals were sampled from two separate studies: the Singapore Multi-Ethnic Cohort (MEC) and the Singapore Health 2012 (SH2012) (45) . Analyses on HbA1c and fasting glucose were similar to SiMES described above.
To combine the HbA1c association in both studies, we carried out fixed-effects meta-analysis (46) .
Gene set enrichment analysis
To identify clusters of DE genes that are relevant to the pathophysiology of IR and T2D, improved gene set enrichment analysis (GSEA) for genome-wide association study (GWAS) (47) was used to assess enrichment of GWAS signals in the cluster of DE genes. To perform the enrichment test for each cluster of DE genes, a ranked list of GWAS single-nucleotide polymorphisms (SNPs; from each GWAS included in this analysis), ordered by their P value alongside the DE cluster genes, was uploaded onto the improved GSEA for GWAS web server. GWAS SNPs were then mapped within gene-based annotations from the Ensembl BioMart database (48) . The GWAS used are summarized in Supplemental Table 2 . The enrichment also helped establish genetic causality in the correlations supported by a host of GWAS in both transethnic and specific ethnic populations. Negative controls for GWAS unrelated to T2D [epilepsy (49) ] were also included in the test. Multiple testing correction for the distribution of enrichment score was carried out using an FDR method (50) .
eQTL analysis
To test for associations between genetic variation and the expression of each gene, cis-eQTLs were mapped using the Matrix eQTL package in R (51). cis-eQTLs were mapped for SNPs within 1 Mb of the gene position (human genome version 19) . P values from this eQTL analysis (specifically, the secondbest P value obtained for each cis-eQTL) were used for GSEA of the clusters of DE genes to test for enrichment of cis-eQTLs.
Data Availability
The datasets used and/or analyzed during the current study are available on http://www.ncbi.nlm.nih.gov/geo/; accession number GSE117339.
Results
Defining ethnicity of subjects
With the examination of gene-expression (transcriptome) profiles after PCA, we found that the SM transcriptome differed across ethnic groups (Fig. 1A) . The first PC (accounting for 23% of variation in SM gene expression) separated Chinese and Asian-Indians from Malays, whereas the second PC (accounting for 4% of variation) separated Chinese from Asian-Indians. We also noted that a few AsianIndian samples clustered with the Malay group (Fig. 1A) .
We investigated whether the self-reported ethnicities were supported by the genetic ancestry inferred from genome-wide genotype analysis. With the use of MDS analysis of the genetic data from Chinese, Malay, and Asian-Indian subjects, we observed high but not perfect concordance between self-reported ethnicity and "genotype-inferred" ethnicity (Supplemental Fig. 2B ). For example, in the MDS plot, we noted that a few subjects do not cluster, according to the self-reported ethnicity (probably suggesting the presence of admixtures, especially among the Malays and Asian-Indians). However, we choose to use self-reported ethnicity as a more relevant construct that better reflects the environmental exposures (e.g., lifestyle and diet), which may affect the SM transcriptome (see Definition of ethnicity in Materials and Methods).
Baseline physiological and biochemical characteristics of subjects
With the use of ANOVA, we identified 20 baseline physiological/biochemical traits that differed significantly among the ethnic groups (Table 1 and Supplemental Table 1 ). Insulin sensitivity was highest in Chinese and lowest in Asian-Indians. Central obesity measures (e.g., waist and hip circumferences) were highest in Asian-Indians and lowest in Chinese, whereas BMI was highest in Malays and lowest in Chinese.
Ethnic differences in SM gene expression
DE analysis identified 8062 genes whose expression varied significantly across the three ethnicities (BHcorrected P value ,0.01), accounting for 40% of the 20,043-expressed SM genes (Fig. 1B) . This is consistent with the distinct separation of the three ethnic groups in the PCA of the SM transcriptome (Fig. 1A) . Seven thousand four hundred and sixty-four genes (BHcorrected P value ,0.01) were DE between the Malays and the combined Chinese and Asian-Indians groups, which is in keeping with the distinct clustering of Malay samples from Chinese and Asian-Indian samples in both the heatmap and PCA graphs (Fig. 1A) . With the reanalysis of blood transcriptome in Chinese, AsianIndians, and Malay Singaporeans from a separate study (27) , we uncovered only 939 DE genes (BHcorrected P value ,0.01), ;10% of the DE genes we identified in SM. Only 308 (4%) DE genes were shared between blood and SM (Supplemental Table 3 ), and ethnicity-specific differences in expression (in terms of direction of change) of these genes were largely inconsistent between blood and SM (Supplemental Fig. 3 ). These results might suggest that most of the geneexpression differences that we detected in SM are tissue specific. We examined the genes that were upregulated or downregulated in a specific ethnicity and found 101 genes downregulated in Malays compared with both Asian-Indians and Chinese (based on pairwise fold change less than negative one, Fisher exact test P value ,2.2 3 10 216 ). Forty-six of these genes formed a protein-protein interaction network ( Fig. 2A) , which was significantly enriched for genes implicated in functional categories relevant to IR, such as reduced nicotinamide adenine dinucleotide (NADH) dehydrogenase and the respiratory electron transport chain (ETC; Fig. 2B ). These genes included those coding for NADH dehydrogenase subunits NDUFB7, NDUFS2, NDUFA2, and NDUFV1 (Fig. 2C) . Another NADH dehydrogenase subunit, NDUFB6, decreases in expression with age and T2D and may be influenced by genetic and epigenetic variation (52) . Thus, we evaluated associations between the local genetic variation and expression levels in our subjects via eQTL mapping and found that top eQTL SNP rs6864507 regulates the expression of NDUFA2 in cis (P = 3.1 3 10 23 ) only in Malays, suggesting ethnicspecific genetic regulation of NDUFA2 expression in SM.
Establishing associations between expression profiles and traits
We next identified clusters of DE genes that may contribute to the ethnic differences in the traits shown in Table 1 . The 8062 DE genes were grouped into 28 distinct (nonoverlapping) clusters by hierarchical clustering (Fig. 1B and Supplemental Table 4 ). Each DE cluster represents a group of genes with similar variation in expression, which is summarized by the cluster eigengene (first PC of the cluster). We used these cluster eigengenes (corrected for age; see Materials and Methods) to investigate the association between the DE clusters and variation in traits (Table 1) . We found significant correlations between many cluster eigengenes and traits, such as fasting plasma glucose (FPG), IMCLs, cholesterol/HDL ratio (CHOL/HDL), aspartate aminotransferase (AST), and alanine aminotransferase (ALT; Fig. 3A) . The correlation of the eigengenes with FPG was consistently in the opposite direction as that of other metabolic traits mentioned above. This was not surprising, as these genes are DE among ethnic groups, and these traits also differed among ethnicities. The effect of BMI (which varies significantly across ethnicities) on these cluster eigengenes and traits correlations was minimal, and this affected only traits directly related to BMI (Supplemental Fig. 4) .
To identify DE gene clusters relevant to IR and T2D, we performed GSEA to identify gene clusters enriched for loci harboring SNPs linked to IR-and T2D-related traits in GWAS (Supplemental Table 2 ). As negative controls, we performed GSEA on GWAS data for epilepsy. Some clusters are enriched for epilepsy GWAS, as there might be some genes expressed in the SM that are also expressed in the brain. For instance, genes that encode for ion channels involved in common signal transduction processes would be important for both tissues (53) . By leveraging these epilepsy GWAS as negative controls, we were able to identify clusters with specific enrichment for diabetes-related genetic variants. Four DE clusters (clusters 10, 13, 16, and 27) were significantly enriched for loci harboring GWAS variants associated with T2D or related traits but not enriched for loci harboring epilepsy GWAS variants (Fig. 3B) . These clusters' eigengenes were also significantly correlated with physiological/biochemical traits (BH P value ,0.05). The traits included FPG, AST, LDH, leptin, and BMI ( Fig. 3A; highlighted clusters with gray overlay). The magnitude of the correlation coefficients (r) between gene expression and physiological or biochemical traits in this study (0.20 , r , 0.31) is consistent with (or even larger than) those reported in other studies with larger sample sizes (0.10 , r , 0.24) (54).
To support further these correlations between SM gene expression and traits, we analyzed correlations between SM gene expression and physiological/ biochemical traits in the rat, using a well-characterized model of metabolic syndrome (30) (31) (32) . Although not all human genes were represented in the rat gene-expression data (one-to-one human/rat orthologs = 6997), we mapped 2948 (37%) rat genes to one-to-one human orthologs within our 8062 DE genes. Of these 2948 rat/ human ortholog genes, 703 showed nominally significant (P , 0.05) correlations, with similar traits in both rats and humans (Supplemental Table 5 ), including 171 (32%) and 216 (28%) genes that correlated with IMCLs and BMI/weight, respectively (Supplemental Fig. 5 ).
With the use of the same clustering of DE genes in humans (Fig. 1B) , we derived cluster eigengenes from the rat orthologs and correlated these with IR-related traits in the rat (see Materials and Methods). Many rat cluster eigengenes significantly correlated with "triglyceride in muscle" and "body weight" (BH P value ,5%; Supplemental Fig. 5B ), mirroring the correlations in humans between cluster eigengenes and IMCLs. For example, cluster 27 correlated with weight and IMCLs in humans (Fig. 3A) , as well as triglyceride in muscle in the rat (Supplemental Fig. 5B ). These results suggest that many DE clusters in SM correlated with traits (mostly triglyceride in muscle and body weight) that are conserved in the rat.
Detailed cluster annotation and gene prioritization
The following four DE gene clusters of interest were enriched for metabolic processes that were involved in or affected by insulin signaling: phosphatidylinositol 3-kinase complex (cluster 10); glucose homeostasis (cluster 13), fatty acid b-oxidation and regulation of ATPase activity (cluster 16), and protein serine/threonine kinase inhibitor activity (cluster 27; Supplemental Fig. 3A ). This cluster overlaps with the 101 genes specifically downregulated in Malays (compared with both Asian-Indians and Chinese), with 11 genes (33%) found in common (hypergeometric test, P = 2.18 3 10
215
). Functional enrichment of cluster 27 identified processes, such as proteasomal ubiquitin-dependent protein catabolism, protein serine/threonine kinase inhibitor activity, and signal recognition peptide-dependent cotranslation protein targeting to the membrane (Supplemental Fig. 6D ). To highlight individual IR-related genes within the cluster, we selected genes that correlated with traits (P value ,0.05) and with a GWAS association P value ,0.05 [2log 10 (P value) . 1.3]. Three candidate genes (NDRG2, POLR2F, and RRM1) met this criteria, of which NDRG2 and POLR2F significantly correlated with leptin and body weight, respectively (Table 2) . Furthermore, corresponding rat orthologs of these genes also significantly correlated with leptin (biweight cor of 0.470, nominal P = 0.0101) and weight (20.390, 0.0402).
Cluster 10 (n = 234 genes) showed significant enrichment for GWAS loci harboring variants associated with HOMA-IR (FDR = 0.003) and fasting insulin (FDR = 0.0098). The cluster eigengene values correlated with four IR-related traits, including FPG (biweight cor of 20.27, BH P = 0.0086), ALT (0.24, 0.017), and AST (0.30, 0.0043). The functional enrichment terms included aspartate family amino acid biosynthesis, protein phosphatase 2A binding, and phosphatidylinositol 3-kinase complex. With the use of the same filtering procedure as above, we identified 11 genes: HP1BP3, MAP3K7, HIPK2, C14orf105, CALD1, LRFN2, CHD9, SEPT9, TCF4, ZNF28, and GRK5 (Table 2 ). HP1BP3 has been associated with developmental growth and insulin signaling in mice (55, 56) , whereas MAP3K7 is implicated in activating phosphorylation of AMP-activated protein kinase (AMPK) (57), consequently promoting glucose uptake via glucose transporter type 4 (GLUT4). Additionally, the significant correlation of MAP3K7 with CHOL/HDL was mirrored in the significant correlation of the rat ortholog with total cholesterol (Table 2) .
Cluster 13 (n = 262 genes) was enriched for GWAS loci associated with fasting insulin (FDR = 0.0086) and waist/hip ratio (FDR = 0.021; in European populations). The cluster eigengene also significantly correlated with FPG (biweight cor of 20.26, BH P = 0.010), AST (0.28, 0.0066), and ALT (0.22, 0.031). Significant functional enrichment terms included IR-relevant processes such as "glucose homeostasis" and "positive regulation of peptidyl-tyrosine phosphorylation." Investigating genes that correlate with traits and with GWAS association P value ,0.05 yielded 15 genes (SMARCA4, LMBRD1, NCKAP1, DROSHA, MTRF1L, HTR2A, LTBP2, FNBP1, SNRK, COL4A1, PBX2, LHFP, PAPOLA, MET, and LPP), many of which have been previously implicated or associated with IR (Table 2) . COL4A1 expression levels significantly correlated with FPG levels in our human subjects and with insulin concentration and insulin/glucose ratio in the rat model, which are indicative measures of insulin sensitivity (58) .
Within ethnicity regulation of SM transcriptome and weight-related traits
With the correlation of traits with eigengenes derived from analyzing gene expression across all samples, we captured the variation across ethnicities, but may have missed correlation patterns within each ethnicity. To capture such patterns within each ethnicity, eigengenes were calculated for the expression of the 8062 DE genes in samples of the same ethnicity. Traits were then correlated with these ethnicity-specific eigengenes.
We observed significant correlations between ethnicityspecific eigengenes and traits in the Malay samples only (Table 3) . Correlated traits were related to obesity, including BMI, waist circumference, and weight, suggesting a link between the expression of these genes in SM and obesity in Malays (Table 3) . Of the clusters with significant correlations between the ethnicity-specific eigengenes and traits, three clusters (10, 13, and 16) were also enriched for GWAS loci harboring variants associated with IR-related traits. Cluster 10 was enriched for GWAS in HOMA-IR (FDR = 0.0030) and fasting insulin (FDR = 0.0098); cluster 13 was enriched for fasting insulin (FDR = 0.0086) and waist/hip ratio (FDR = 0.020), whereas cluster 16 was enriched for insulin sensitivity (FDR = 0.043). Besides its eigengene significantly correlating with BMI, the Malayspecific cluster 13 was also enriched for obesity-related genetic variants (GWAS), indicating that this gene cluster may be especially important in regulating obesity in Malays. When the correlation of cluster 13 genes with BMI was filtered using a threshold nominal P = 0.05 (for the gene-by-gene biweight cor), HDAC4, COL6A3, and COL4A1 showed the strongest absolute correlation with BMI.
Discussion
Our previous work showed that IR differs among the three Asian ethnicities in Singapore, and these differences could not be explained by differences in BMI and body fat distribution (7) . Here, we investigate whether the underlying transcriptional differences in SM could explain the interethnic variation in IR. We selected SM because of its known contributions to IR (8); trans-ethnic differences in SM transcriptome in the field of T2D and IR are largely unexplored. Our current study addressed this gap, taking advantage of a multiethnic Singaporean cohort, allowing the investigation of ethnic differences in IR in conjunction with ethnic differences in gene expression in a metabolically relevant tissue.
Our results showed that SM expression of .8000 genes varied among the Singaporean ethnicities. This sizeable number of DE genes was larger than that observed in another study investigating the adipose and SM transcriptomic differences between ethnic groups in Caucasians and African Americans [only 58 DE genes in SM (10)]. However, when comparing gene expression between European-and Asian-derived lymphoblastoid cell lines from the HapMap repository, 1097 (out of 4197) DE genes were reported (59), yielding a proportion of DE genes similar to our study. This suggests that transcriptomic differences among ethnic groups may depend on both the tissue and ethnicities considered. Differences among the study populations may also be important. For example, Saw et al. (27) reported 939 DE genes in blood among the same ethnic groups considered here; of these DE genes, only 4% overlapped with the DE genes identified SM. However, Saw et al. (27) included both male and female participants between 45 and 60 years old, whereas our investigation involved younger male participants between 21 and 40 years old. Therefore, we cannot exclude the fact that the effect of ethnicity might differ across age groups as a result of differences in lifestyle and aging-related processes. Finally, the higher tissue homogeneity of SM vs whole blood might also contribute to this difference in detected DE genes.
We showed several DE gene clusters whose expression was correlated with IR-related traits that also differed among ethnic groups, which might confound the interpretation of these correlations. However, most of these associations were not mediated by obesity, as changes in the correlations were minimal when BMI is corrected for (Supplemental Fig. 4) . A subset of clusters was enriched for loci implicated in T2D and IR in GWAS, suggesting that these associations were causal and not a consequence of confounding by ethnicity. In addition, cross-species analysis with the rat (not affected by human population stratification) revealed the conservation of .700 gene expression-trait correlations, further supporting a possible link between these genes and IR-related traits.
With the integration of the results of the correlation analysis with gene-level GWAS, we highlighted 22 genes, including many genes previously implicated in IR GRK5 was expressed at a relatively high level in the white adipose tissue. When fed on a high-fat diet, GRK5 2/2 mice gained significantly less weight and had decreased WAT mass than wild-type mice having been controlled for food consumption and energy expenditure. GRK5 2/2 mice showed a 30% to 70% decreased expression of lipid metabolism and adipogenic genes in WAT. Moreover, GRK5 2/2 embryonic fibroblasts and preadipocytes exhibited 40% to 70% decreased expression of adipogenic genes and impaired adipocyte differentiation when induced in vitro. Certain microRNAs have been identified to be important in cell lines and in mice; miR-27a would suppress adipocyte differentiation through targeting PPARc, and thereby, downregulation of miR-27a might be associated with adipose tissue dysregulation in obesity. Associated with a 10.5-fold increase in heart failure caused by aorto-caval fistula in rats. The rats with induced heart failure also had increased circulating free fatty acids and attenuated insulin response during oral glucose challenge. ( Table 2 ). For example, phosphorylation of NDRG2 by protein kinase C (PKC)u is involved in lipid-induced disruption of insulin signaling and has been shown to diminish the insulin-directed AKT phosphorylation (60, 61) . We found that Malays had the lowest expression of NDRG2 across ethnicities, suggesting that IR in Malays might be affected by decreased SM NDRG2 expression and potentially its phosphorylation by PKCu. Another example is SNRK, which has an effect on SM glucose uptake and encodes a substrate of LKB1 (62) . LKB1 SMknockout mice showed increased glucose uptake and tolerance accompanied by a decrease in fasting glucose and fasting insulin levels (63) , whereas other studies reported contradicting results (64). Shackelford and Shaw (65) found that LKB1 is a major kinase that phosphorylates the activation loop of AMPKa during low ATP conditions to induce glucose uptake into cells. Here, we found that AMPKa2 is DE across ethnicities, with the lowest levels in Asian-Indians and the highest in Malays. Lower SM expression of AMPKa2 in AsianIndians might suggest specific dysregulation in AsianIndians, as SNRK and LKB1 mRNA levels might not be a Gene-wise correlation of the expression levels against the traits that are significantly correlated at the cluster level shown in Fig. 2A .
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able to transduce an increase in AMPK activation. Inability to activate AMPK would consequently maintain the inhibitory effects of TBC1D1 on GLUT4 receptors, resulting in stunted glucose uptake. Within ethnicities, cluster 13 correlated with BMI specifically in Malays and was supported by GWAS enrichment for the waist/hip ratio. The strongest negative correlation with BMI was observed for COL6A3 and COL4A1, which encode for proteins involved in extracellular matrix remodeling. Caucasian and AfricanAmerican men, aged 20 to 40 years, showed upregulation of these genes in SM after overfeeding, and the increased expression correlated with gain in lean mass (66) . In Malays, these collagen genes' expression correlated with percentage body fat, a negative indicator for lean mass (COL6A3: biweight cor = 20.259, P = 0.066; COL4A1: 20.370, 7.6 3 10 23 ). These evidences suggest that COL6A3 and COL4A1 may be involved in the regulation of lean mass in SM in Malays. We also identified a functional protein-protein interaction network enriched for ETC and NADH dehydrogenase functional terms, which is specifically downregulated in the Malays. NADH dehydrogenase is the first complex of the ETC, transferring electron from NADH to the next complex. Integrity of the ETC is critical for maintenance of a low reactive oxygen species (ROS) level in the cells (67, 68) , which is important, as ROS can worsen IR by activating inhibitor of nuclear factor kB kinase subunit b proinflammatory pathways, which inhibits serine phosphorylation of the insulin receptor substrate by serine kinases (69, 70) . The lower expression of NADH dehydrogenase genes in Malays suggests differential regulation in the production of ROS and IR, explaining the differences in metabolic features of the Malays. Although our genes contributing to the NADH dehydrogenase enrichment have never been studied for their association to IR, NDUFB6 (another subunit of the NADH dehydrogenase) showed decreased SM expression in diabetes (71) , and NDUFB6 expression is associated with genetic polymorphism (52) . Likewise, we report substantial associations of NDUFA2 and NDUFS2 expression levels with local genetic variants (i.e., cis-eQTL), suggesting that genetic differences among ethnicities may play a role in the regulation of these genes in Malays, possibly contributing to the differences in IR among the Singaporean ethnic groups.
This study compares the SM transcriptome among major Asian ethnic groups (Chinese, Malays, and Asian- Indians) and evaluates the SM transcriptome in relation with the interethnic differences in IR and IR-related traits. The data and results generated in this study will be an important resource for the scientific community and may prompt further analyses by comparison with other tissues and datasets (27) . The limitations of this study include the cross-sectional study design, which makes it difficult to determine causal relationships between genes and traits. To mitigate this, we integrated our correlation results with GWAS data to support a causal relationship between genes and the traits of interest. Because of invasive muscle biopsy procedures, our SM correlation analyses were carried out in a relatively small sample. We further used expression data from human blood and rat SM to support the biological relevance for the reported gene-trait correlations. Reassuringly, the clustering of the rat gene expressions revealed correlations with body weight and triglyceride in muscle, which mirrored the correlation with IMCLs that we observed in humans. Nonetheless, we recognize that follow-up mechanistic studies are needed to evaluate these associations further at the functional level.
In conclusion, we report important differences in the SM expression of .8000 genes among Chinese, Malays, and Asian-Indians in Singapore and their correlation with metabolic traits. In Malays specifically, we show SM downregulation for a network of genes previously implicated in oxidative stress-induced IR, as well as the association between BMI and collagen genes (COL6A3 and COL4A1), previously linked to lean mass in other ethnic groups but not Asians. The SNRK and AMPKa2 genes, which are involved in glucose uptake, were also found to be downregulated in Asian-Indians but not in Malays. Taken together, these data may point to SM processes that underpin the differences in IR and susceptibility to T2D among these ethnic groups.
